We empirically investigate the relationship between expected stock returns and volatility in the twelve EMU countries as well as five major out of EMU international stock markets. The sample period starts from December 1992 until December 2007 i.e. up to the recent financial crisis. Empirical results in the literature are mixed with regard to the sign and significance of the meanvariance tradeoff. Based on parametric GARCH in mean models we find a weak relationship between expected returns and volatility for most of the markets. However, using a flexible semiparametric specification for the conditional variance, we unravel significant evidence of a negative relationship in almost all markets. Furthermore, we investigate a related issue, the asymmetric reaction of volatility to positive and negative shocks in stock returns confirming a negative asymmetry in all markets.
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The parametric GARCH-M model with t distributed innovations
The model is specified as follows: (4), is modelled according to ARCH -GARCH (q,p) specification of Bollerslev (1986) . Among all the parameters to be estimated, the most relevant for this study is the parameter δ. The sign and significance of the parameter defines the relationship between stock market returns and conditional variance. Setting 1 ii a   implies a highly persistent conditional variance. This model is known as the integrated GARCH or ΙGARCH which is more likely for daily data series.
Parametric ΕGARCH-M model
In this case the model is specified as follows: 
The EGARCH specification allows the conditional variance process to respond asymmetrically to positive and negative shocks. This is reflected in the value of the parameter product
  , the variance tends to rise (fall) when the shock is negative (positive).
The asymmetric GARCH-M (GJR) model
In order to capture the asymmetric impact of new information on volatility Engle and Ng (1993) suggested the GJR-GARCH (q, p) model. It is specified by the following equations: 
A semi-parametric GARCH-M specification
We consider the following semi-parametric GARCH-M model 
where the functional form of () m  is not necessary specified parametrically. In case 
Given that 0<γ<1, we may approximate (16) by a finite lag model of length d:
5 Equation (17) is a restricted additive model with the restriction that the different additive functions () g  are proportional to each other. The model allows lagged ts y  being included at the right-hand side of (17). Yang (2002) , in a similar framework, suggests a kernel-based method to estimate the model. Although equation (17) is only a two-dimensional non-parametric model, it can be difficult to estimate by the popular kernel method, especially when d is large. Moreover, when d is large, the kernel method can give quite unreliable estimates due to its failure to impose the additive model structure. In this work we opt to estimate (17) by the non-parametric series method. The advantage of using a series method is that the additive proportional model structure is imposed directly and the estimation is performed in one step. To this end, let 
After re-arranging terms, the approximating function is of the form: 
where Σ is the asymptotic covariance matrix. Based on the least squares estimation of (18), the non-parametric estimator 2 t  , is consistent under the null hypothesis of 0 :0 H   .
Next, we discuss the selection of the number of lags d and the order of series approximation q, in finite sample applications. For a fixed value of q, the number of parameters to be estimated is fixed and does not depend on d. In particular, choosing a large value of d does not lead to over fitting because the number of parameters that need to be estimated does not vary as d increases. Therefore, it makes sense to select the value of q that minimizes the AKAIKE information criteria.
Description of the data
To estimate the models we use daily US-dollar denominated returns 1 on stock indices of seventeen countries: the twelve stock markets of the European Monetary Union, Italy (ITA), Greece (GRE), Germany (GER), France (FRA), Finland (FIN), Belgium (BEL), Austria (AUS), Ireland (IRL), Netherlands (NETH), Luxemburg (LUX), Spain (SPN), Portugal (POR), as well as the United States of America (USA), the United Kingdom (UK), Japan (JAP), Sweden (SWD) and Russia (RUS). We also include two world stock-indices: the international index of DataStream's stock-exchange markets (D-W.I.) (this includes stocks from the most developed markets worldwide and it remains through many years one of the most recognized indices in the world) and the M.S.C.I (Morgan Stanley Capital International World) world index, which is a stock index of the international market. The last index includes stocks from 23 developed 7 markets. It is computed since 1969 and has been a common evaluation index of the international stock-markets.
The data set starts from 4 th December of 1992 and end up at 5 th December of 2007, comprising 3.914 observations. The source is the DataStream database. Daily returns of each country are calculated using the first logarithmic differences of general indices that include dividends.
Forecasting power of the models.
In this section we empirically investigate the four models, stated in section 2, in terms of their forecasting ability. The test statistic is the mean absolute error (M.A.E) which is a measurement of the co-cumulative forecasting error of the model. In our analysis the M.A.E is calculated from the monthly sub-samples of observations. Therefore, we are able to obtain a M.A.E figure for each month. The results are presented on table 1. We notice that the best forecasting model is the semi-parametric. In almost all markets the average M.A.E of the semi-parametric model is smaller of that of the parametric models. The second best forecasting model is EGARCH except of Japan and Italy where the GARCH-M and AGARCH-M models provide a smaller M.A.E. Moreover, the models GARCH-M and AGARCH-M have a similar forecasting ability with AGARCH-M being slightly ahead.
Table 1. Results of the mean of the mean absolute forecasting errors of the four models
Based on the results reported in Table 1 we conclude that forecasting ability of the semiparametric model is broadly superior.
Empirical results
Notice that the conditional variance of the returns for each market is calculated using the stock returns instead of the excess stock returns. The excess return of a stock is defined as the difference between return and the risk-free rate that is dominant in the market. Baillie and DeGennarro (1990) , Nelson (1991) , Choudhry (1996) , Lee at all (2001) agree that using returns is broadly equivalent with excess returns. In the present study for the estimation of the conditional variance we use returns computed by log price differences. For the three models: GARCH-M, EGARCH-M, and AGARCH-M, we decide the appropriate distribution and number of lags p and q based on the AKAIKE criterion. So, for the models GARCH-M and AGARCH-M the best 8 results are derived using the t-student distribution, while for EGARCH-M the normal distribution has prevailed. 2 .
Interpretation of the empirical results
The parameter, δ, is estimated using the models of section 2. In table 2 we notice that with the GARCH-M specification, parameter δ is statistically significant at 1% level in Austria, Finland, Ireland and Japan. Also we notice a negative relationship in Finland and Ireland and a positive relationship in the other two markets. On the other hand, with EGARCH-M models δ is not statistically significant at all levels. Next we estimate the asymmetric GARCH-M model. According to the results of table 2 it is obvious that only for Austria, Germany and Japan δ is statistical significant at 1% level. Also we observe a positive relationship between the returns and conditional variance for these three markets. Finally, we estimate the semi-parametric model using B-splines approximating base functions (Schumaker, 1981) . In all markets under examination δ is statistically significant at 1% level (with the exception of Japan where the estimate of the parameter δ is statistically significant at 5%). The negative relationship between return and conditional variance is dominant in almost all markets except Austria, Belgium and Luxemburg. Notice that the empirical results of the parametric models are in broad agreement with those of the semi-parametric model. However, the best forecasting ability and parameter estimate's statistical significance of the semi-parametric model renders it more reliable.
Estimates of asymmetry parameters are stated in Table 3 . We notice that asymmetric response of the conditional variance is a dominant property of the countries under examination. Moreover, from Table 2 , parameter estimates of 2  for all the markets, except France, exhibit positive signs at 1% level, confirming the existence of a negative asymmetry. Given the fact that the semiparametric specification fits better the data this study tends to support the claim that volatility is negatively correlated with returns. Notice that the above results are consistent with the empirical findings of Glosten et al. (1993) , Whitelaw (2000) and Qi Li et al. (2005) but contradict empirical findings of an insignificant relationship reported in Baillie and DeGennarro, 1990; Nelson, 1991; Theodossiou and Lee, 1995; Choudhry, 1996; Lee et al., 2001 .
Conclusions
In this paper we empirically investigated the relationship between expected returns and conditional variance in twelve stock markets of the European Union as well as five large stock markets and two world indices. Most asset pricing models (e.g., Sharpe, 1964; Linter, 1965; Mossin, 1966; Merton, 1973 ) predict a positive risk-return tradeoff. In order to investigate this, both parametric and semi-parametric estimation methods of the conditional variance have been applied to daily data from the above markets. Based on the semi-parametric specification, we find a statistically significant negative relationship of the risk-return tradeoff in most markets. There are only three exceptions: Austria, Belgium and Luxemburg. Furthermore, we find significant evidence of a negative asymmetry in all markets confirming the previous empirical findings. -0.0525*** -0.058*** -0.05** -0.0337 -0.0508 -0.08*** -0.08*** -0.1 *** -0.11*** -0.06***
